Abstract: This paper presents an intelligent economic operation on smart grid environment facilitating an advanced quantum evolutionary method. The proposed method models the wind generation (WG) and the photovoltaic generation (PV) as renewable power generation sources as measures of global warming effect. Thermal generators (TGs) are included in this model to provide the maximum amount of energy to meet consumers' demand. On the other hand, plug-in hybrid electric vehicles (PHEV) are capable of reducing CO 2 and gradually becoming an integral part of a smart-grid infrastructure. Such an integration introduces uncertainties into the system that are addressed by a fuzzy agent (FA). The demanded load, the wind speed, the solar radiation and a number of involved PHEVs are taken as fuzzy parameters to resolve uncertainties. An optimizer agent (OA), based on intelligent quantum inspired evolutionary algorithm, is deployed to carry out the economic scheduling operation concerning scheduling and dispatching with the help of FA. OA features intelligent operators such as a sophisticated rotation operator, a differential operator, etc. The method is tested on a hypothetical power system with 10 thermal units, an equivalent number of PHEVs, an equivalent solar and wind farm. The simulation results will show the effectiveness of OA-FA that provides an excellent operational resource scheduling while reducing the production cost and emission.
Introduction
Traditional views of power system are reshaping with the concept of smart grid. Economic and environmental incentives, as well as advances in technologies are engineering such a refinement of the electric power industry. Another factor that works for this transformation is the concern regarding the continuous depletion of the finite energy resources such as fossil fuel, natural gas, etc. Moreover, the inevitable environmental changes due to the emission of green house gases such as CO 2 have gained the global awareness which is reflected by current rigorous researches oriented on green and clean technologies. Renewable energy sources such as wind and solar energy are thought to be primary sources of alternative energies. On a similar note, Plugin hybrid electric vehicles (PHEVs) have received increasing interests because of their low pollution emissions and a high fuel economy [1] . The PHEVs will be plugged into the grid, and their onboard energy storage systems will be recharged using clean, renewable energy sources. Therefore, a proper management of PHEVs with renewables and thermal generators is of extreme importance in the future smart grid infrastructure. Strategies regarding the interconnection of PHEV energy storage systems and grids are receiving a great interest in the smart environment since they provide insights of environmental and economical benefits of PHEV. On the environmental point of view, PHEV and TGs will be the main source of emission. Therefore, the intelligent op- 1 Computer Science and Engineering, Nagoya Institute of Technology, Nagoya, Aichi 466-8555, Japan a)
scborty@gmail.com erational strategy should also take the emission into account [2] . Again, the integration of WG and PV with TG and PHEV imposes complications because of the intermittent and fluctuating nature of wind speed and solar radiation. Usually, a stochastic scenario based strategy or fuzzy logic is employed to address such uncertainties. The optimal scheduling as well as the economic load dispatch of TGs is often coined as the Unit Commitment (UC) problem. Hence, UC still remains one of the major operations in a smart grid.
A bibliographical survey on UC reveals that, a good amount of numerical and meta-heuristic optimization techniques such as priority list, the Lagrangian relaxation (LR) [3] , [4] , the genetic algorithm (GA) [5] , [6] , the evolutionary programming (EP) [7] , the particle swarm optimization (PSO) [8] , [9] , [10] , [26] , simulated annealing (SA) [11] , [12] , dynamic programming (DP) [13] and constraint logic programming (CLP) [15] have been successfully applied to achieve efficient and near optimal solutions for the UC problem. One of the popular set of methods to deal with uncertainties in a nominal UC problem is based on fuzzy logic [14] .
Applications of Quantum Mechanics based techniques in the field of operational research of evolutionary methods are considered as a new paradigm [16] , [17] , [18] , [19] . The researches on evolutionary computation coupled with quantum computing trace back to the late '90s. Such efforts can be classified into two categories: i) Quantum algorithms using automatic programming techniques (e.g., genetic algorithm), ii) Quantum inspired evolutionary computation that is crafted based on the principles of quantum mechanics (e.g., uncertainty, superposition, interference, etc.) [20] , [21] , [22] , [23] , [24] . Therefore, the applicability on quantum evolutionary computing in the field of optimization has already been proven effective.
This paper proposes a Fuzzy Agent (FA) based operational strategy for a smart grid environment powered by thermal generators, solar and wind power and PHEVs. An advanced QA based Optimizer Agent (OA) is applied to perform the economical operation. The method starts with the initialization a group of feasible solutions (the OA is responsible for this initiation), which is created by a sophisticated weighted priority list method. A solution is comprised of the operating schedules of TGs, their equivalent power dispatches, the solar and wind power dispatch and the number of active PHEVs. The solutions are then 'reobserved' and converted into quantum individuals. A FA is then deployed which judges the solutions while taking the load demand, the wind speed, the solar radiation, the spinning reserve, the number of PHEVs and the total production cost into account by imposing fuzzy membership degrees to deal with their associated uncertainties. After judging their corresponding membership values, the control is again given to the OA where the fitness function is applied on it to evaluate the level of contribution. The fitness function is defined by combining the aggregated fuzzy membership function and the penalty function for constraints violations. For diversifying the individual(s), several operators such as a quantum angle rotation, a GA based mutation and crossover and a new operator based on a binary differential operator are applied.
The rest of the paper is organized as follows. Section 2 presents the basis and underlying mechanism of the applied quantum inspired evolutionary method. The formulations of the proposed model that include the constraints and the objective function are detailed in Section 3. Section 4 describes the fuzzy transformation of uncertain variables by detailing fuzzy membership functions. The key points of OA and FA with operators' specifications are provided in Section 5. Section 6 represents conducted numerical simulations and result analyses. Finally, the conclusion is drawn at Section 7.
Quantum Computation
The smallest unit of two-state quantum computation is known as quantum bit (hereafter, Q-bit). The Q-bit can take any of these three forms; "1" state, "0" stage or a superposition of these two states. The phenomena is shown in Eq. (1)
where α and β are complex numbers that specify the probability amplitudes of the corresponding states. |α| 2 and |β| 2 give the probabilities that whether Q-bit will be located in "0" state and "1" state, respectively. Equation (2) represents the normalization constraints of Q-bit probability amplitudes
Similarly, a Q-bit individual is a string of λ Q-bits which is defined as
where, for each Q-bit, Eq. (2) is satisfied. Q-bit representation is able to present a linear superposition of states and able to represent 2 λ states in probabilistic manner.
Quantum Individuals in Optimizer Agent (OA)
The lowest level of OA building block corresponds to Qindividuals. As shown in Eq. (3), it contains a number of Qbits. Q i (t) denotes the Q-individual i at tth generation. Each Q-individual has to be viewed as a distribution of bit strings of length λ. The fitness of a Q-individual is re-evaluated at every generation according to a realization of distribution even if the individual is unchanged. Which is why, each Q i (t) is transformed to its binary correspondent, C i (t) by the process called collapse or observe. In the context of classical evolutionary algorithms, Q i is the genotype while C i is the phenotype. The individual Q i is further attached to a binary string A i which acts as an attractor for Q i . In every generation, C i and A i are compared in terms of both the fitness and bit values. Operators, such as the rotation gate, the bit flipping, the new differential operator, etc. are triggered to the corresponding Q-bit when A i is better than C i and their bit values differ. The distribution of Q i is, therefore, slightly moved toward a given attractor A i . On the other hand, the attractor is updated if C i is better than A i .
Quantum Population
The set of all n × m Q-individuals forms the quantum population. As for Q-groups, the individuals of a Q-population can synchronize their attractors. Therefore, the best attractor (in terms of fitness) among all Q-groups, B global , is stored in every generation and is periodically distributed to the group attractors.
Quantum Groups
The population is divided into m Q-groups each containing n Q-individuals having the ability to synchronize their attractors. Therefore, the best attractor of group k, B k,g is stored at every generation and is periodically distributed to the group and local attractors.
Formulation

Thermal Generators
The required fuel cost of generating P i,t power (for the ith generator in the tth hour) is expressed by the following equation
where a 0,i , a 1,i and a 2,i are the positive fuel cost coefficients for generator i. The start-up cost of rebooting a decommitted unit is shown as below
where T off i is the minimum down time for generator i, while X off i is the duration for which generator i is being off. hcost and ccost are the hot and cold start cost for generator i, respectively. cshour is the cold start hour of generator i. The power output of each generator must be limited within a specified range, i.e., c 2014 Information Processing Society of Japan
where P min/max i are the minimum and maximum operating limit of generator i. Again due to operational limitations, once a generator is committed/decommitted it should be kept stable for a minimum period of time before a transition. Such a scenario is covered by the following equation
where T on/off i is the minimum up/down time for generator i, respectively. X on/off i is the duration for which generator i is being ON and OFF, respectively. It is usually assumed for TGs, that the dynamics of a generating plant do not pose restrictions on the amount of power generated at each time period of the time horizon. Unfortunately, this assumption is unrealistic when a smaller time period is involved, since the ramp constraints need to be considered. The following equation (Eq. (8)) addresses this issue
where
). UR i and DR i are the up and down ramp limit for unit i.
Renewable Sources
The power output from a PV panel depends on the area of the panel, the solar insulation and the efficiency of the panel. The following equation [2] states the PV output in a time period t P pv,t = Aμ pv S I t (9) where A is the PV panel area, μ pv is the efficiency of the panel and S I t is the solar insulation at hour t. However, determining the wind power is not that straightforward. Due to the complex mechanical nature of a wind turbine, many factors such as the air density, the Albertz Benz constant, the area swept by the turbine rotor etc. The following equation shows the power output
where K is the Albertz Benz constant, ρ t is the air density at hour t, A is the area, and v t is the wind speed. Other factors including rated, cut-in and cut out speeds are also considered.
PHEV Battery Model
To gain the maximum benefit from the grid connected PHEVs, they should be operated intelligently and economically. Which is why, the energy price difference, the charging time and the current state-of-charge (SOC) are considered in the proposed model. Such a formulation will allow the PHEVs to join the charging system dynamically. In the case of the peak demand hour, PHEVs are used as a source of energy by discharging the energy stored in their batteries. Again in off-peak demand hour, they can charge up the batteries. In order to operate and determine the contribution of PHEV into the grid, the state-of-charge (SOC) of the installed battery in the PHEV is essential. Therefore, the goal is to maximize the average SOC of all PHEVs. For instance, the remaining jth PHEV battery capacity at a particular time t is defined as follows
where S OC j,t is the current SOC and C max, j is the rated battery capacity of the jth PHEV at hour t. A weighting function can be defined to control the contribution of factors such as RC j,t , the time remaining for charging the jth PHEV; RT j,t and the dynamic price difference between the real-time energy price and the price a customer willing to pay for the jth PHEV and time t; DP j,t . Mathematically
The state-of-charge of the battery for the jth PHEVs in tth hour (S OC j,t ) is determined by considering the battery to be a capacitor circuit. c 0,1,2 are the assigned weights to the associated parameters such that c 0,1,2 = 1. So, the maximization function can be written as
where N phev,t is the number of active PHEV in hour t. The battery constraint being considered in this paper is the battery output limit, which is defined as
where P phev, j,t is the battery output of jth PHEV in tth time and S OC min/max j are the range (in percentile) of the battery's SOC. Such constraint will help to keep the battery behavior in sane and longer battery life.
Emission Calculation
Calculating the emission generated from the system is very important from the viewpoint of the environmental aspect. Reducing the emission also factors the success metric of the proposed model. Traditionally, the daily emission from a PHEV is determined by a linear function of emission per mile and the distance covered by that PHEV. Since, the model includes emission, a quadratic function (as stated below; for NOX) is defined to determine the NOX emission generation (15) where α 0,i , α 1,i and α 2,i are the emission coefficients of NOX for generator i. The following linear function is applied to generate the CO 2 emission
where, β i is the average emission factor for unit i. Taking account of the above formulations, the system power balance can be written as (for hour t) (18) where R t is the spinning reserve requirement, which varies from 5% to 10% of the demand depending on the low peak to high peak of load. Finally, the objective function for the optimal economic operation can be stated as
where the decision variables are I i,t (represents the status of ith generator at tth hour), P i,t and N phev,t . This objective function is subjected to the constraints and conditions that mentioned in this section before.
Fuzzy Formulation in Fuzzy Agent (FA)
The following subsections describe the fuzzy formulation for non-crisp constraints with associated membership functions. Fuzzy load demand: Since the forecasted load demand is imprecise and can vary with the actual load demand, the crisp notation is transformed by using fuzzy logic onto load demand constraints. Five linguistic values (NE2, NE1, ZE, PE1, PE2) are defined for negative, zero and positive errors. μ LD is the membership function for the fuzzy load demand. Fuzzy spinning reserve: Spinning reserve ensures the secured and reliable operation during the period of outages. The spinning reserve membership function for the proposed method μ S R as an exponential function where the higher reserve requirement is encouraged. Fuzzy cost function: The total production cost can also be taken under fuzzy wings by imposing the lower membership function value to a higher production cost schedule. The membership function (μ TC ) is a reverse one of that of the spinning reserve. Fuzzy solar and wind power: The solar radiation is a weather variable which again cannot be predicted accurately. Similarly, wind speed can also be unpredictable. Therefore, fuzzy membership functions are defined for those (μ LR and μ WR , respectively).
Fuzzy active PHEVs number:
The number of active PHEVs in the grid can also fuzzified using a triangular function with three linguistic variables. The membership degree can be represented as μ n phev . But such an initialization may produce highly infeasible individuals that eventually lead to a slower and premature convergence. In OA, the initialization process for the generator's scheduling problem is accomplished by facilitating a priority list of generators. The process is shown in Fig. 1 . The generating units are prioritized using a sophisticated weighted priority list method. The units are highly likely to be turned ON in the priority order until the spinning reserve is met for a particular hour. The Q-individual for the corresponding binary individual is set keeping the normalized condition as per Eq. (2). To satisfy minimum up/down constraints, some excess units are needed to be ON. A logarithmic probability distribution function is used to stochastically set such units.
Agent Functionalities Details
Strategy for Solving Economic Dispatch (ED) of Committed Units
The committed thermal generator units are provided with a Qbit where the state superposition represents the weighing factor determining the power output from that unit. Since the Q-bit conveys the information of how much a state is biased to 1 or 0 (refer to Eq. (1), where the complex number β represents the probability amplitude of state '1'), the following equation can be defined to generated the units output for a particular population g
Such formulation will provide the feasible and quality population since, for the high priority unit, β 2 is always close to '1' which in turn ensures the higher power output. In every generation, the Qc 2014 Information Processing Society of Japan bit is updated using some operators, which will be defined in the later section. The lambda iteration method is used to determine the economic load dispatch while taking the initial generation.
Fitness Function
In the proposed method, the fitness function is comprised with the objective function, the penalty function for constraints violation and the aggregated fuzzy membership function that integrates uncertain fuzzy constraints. The aggregated fuzzy membership function for an individual j is defined as
The penalty function needs to be defined to measure up the violation index of an individual, which is defined as
where K is a scaling factor (set as 200). Here ic is the number of inequality constraints, C k represents the scaling factor associated with related inequality constraints (set as 50). ULD and LLD are the upper and lower limit constraints violations for inequality constraints, respectively. So, the evaluation function is finally defined as
where F max is a priori value of the maximum fuel cost which is determined by several trials and errors. To normalize the value of E within a scalable range, the numerator is set in accordance with the exponent corresponds to the number of digits in F max .
The higher E represents better individual.
Quantum Operators
Several operators such as the rotation gate, the 2-point crossover, the mutation and the differential operator are applied to diversify Q-bits to generate better offsprings. A fuzzy rule is employed to calculate the operators' probabilities to engage. The brief descriptions of the key operators followed by the fuzzy rule are presented below.
Rotation Gate
The rotation gate, U(θ) is employed on a single Q-bit individual as a variation operator. (α i, j , β i, j ) of the jth Q-bit of ith individual is updated for the (t + 1)-th iteration as follows
where the θ i, j is rotation angle, θ i, j = s(α i, j , β i, j )Δθ i, j , where Table 1 . The angle θ is determined based on several trials and errors considering their sensitivity towards the outcome (explained in Section VI). In the table, B j and X j represent the jth quantum bit of the best solution B and the binary corresponding bit of Q-bit individual, X, respectively.
Differential Operator
A new differential operator is used in OA to provide diversified Q-bits. The trivial mutation operator does not assure a better offspring. To overcome such a deficiency, the OA uses the information of the best Q-individual in Q-groups. Therefore, the new Q-individual, Q new (t + 1) is defined as
where Q r1 and Q r2 are two randomly chosen Q-individuals where r1 r2, r1 < r2 and assuming the Q-individuals are in ascending order according to their fitness, f (Q r1 (t)) < f (Q r2 (t)). Now, the arithmetical operators on the above equation should be transformed to work with Q-individuals or the corresponding collapsed binary solutions. Therefore, the above equation is revisited such as follows
Fuzzy Scheme for Operators' Probability in FA
The mentioned operators will not always be applied on individual(s). Rather, in order to reflect the fact that all the individuals are not equally fitted, a fuzzy based rule is undertaken. In order to reduce the disturbance within the high performing individuals, the scheme will apply the operators with the minimum probability while reversing the process for low performance individuals. The fuzzy rules for determining the engagement probability to apply on the unary operators are shown in Table 2 . The corresponding fuzzy membership function for operators' probability is defined as the same triangular function with five linguistic valc 2014 Information Processing Society of Japan ues. In the case of the mutation operator, the consequent corresponds to the number of flipping bits instead of the probability itself. The Larsen product is used as the fuzzy implication operator for the individual rules. The union of the results from the fired rules then determines the total output. Finally, the centroid function is applied to de-fuzzify the produced output. In case of binary (or more) quantum operators (such as crossover and differential operator), the engagement probabilities are determined by taking the minimum de-fuzzified crisp output among the engaging individuals.
Simulation and Result Analyses
The proposed method is applied on a thermal power system of 10 units with an equivalent solar and wind power rating of 40 MW and 25.5 MW, respectively. For simulating, a Pentium IV machine with 2.2 GHz clock speed with 1,024 MB RAM is used. PHP 5.0 and Matlab are used to develop and simulate the program. The generators parameters and load data were reported on reference [3] for 10-units system. Initially, the sensitivity analyses of pivotal parameters are performed.
Sensitivities of Important Parameters in OA
This section presents two analyses of parameters' sensitivities. First, the sensitivity of the rotational angle θ is scrutinized. Since θ varies with the nature of applied problem domain [18] , it should be chosen carefully. Which is why, several trials are conducted for 10-units system whose results are shown in Fig. 2. The figure points out the frequency of hitting the optimal solution range ($563942-$564210) for various values of θ. θ is varied from 0.005 to 0.05 with step size of 0.0025. It can be seen that, θ is sensitive. Among the best performing θ-values, 0.03 is chosen. The sensitivity of Q-population size (G = m × n) and a maximum iteration (MX T ) on 10 units system is performed to fix the corresponding parameters. The different trials are shown in Table 3 . The method is run for 100 times for each of the system configurations. The solution quality of the method is found to be better when (G, MX T ):(40, 150). Moreover, the reported standard deviation calculated for this pair is also not significant. The Q-population is divided into 8-groups, each containing 5 Qindividuals.
Thermal Generators with Renewables and PHEV Integration
The number of active PHEV in accordance with the base 10 units power system can be estimated analytically based on the ap- plied region. For this model, a hypothetical region is considered as shown in Table 4 .
Therefore, according to Ref. [2] , the number of PHEVs is roughly 43,000 which is a good estimation of a scenario of an isolated island. Now, a PHEV is estimated to run 32.88 miles/day [24] which tells, that it needs around 8.22 kWh/day. Therefore, the extra energy required for 43K PHEVs is around 353.46 MWh ([43,000 × 8.22]/1,000). An intelligent distribution of such extra power within the thermal generators is required to achieve a certain load leveling.
The highest load demand in 1,500 MW (Hour 12). Usually a typical estimation of the marginal demand which separates the high demand region from the low demand region is 75% of the highest demand. Therefore, 1,125 MW is set as the marginal demand point. According to the demand graph, therefore, Hours (1-6, 16-18 and 22-24) are the off-peak region (total 12 hours). The proposed method intelligently distributes the extra energy required for powering the PHEVs (in this case, 353.46 MW) among these 12 hours. However, instead of equally distributing the required energy, the method uses a different approach. A subroutine is defined which initially sought out the total number of committed units for each of the off-peak hours. According to the priority order of the committed units, the routine then weighs the off-peak hours. The extra required power to support the PHEVs inclusion is distributed according to the defined weights. For instance, Table 5 shows the weighted hours and corresponding distributions of the extra 353.46 MW. Consequently, the demand curve is modified to reflect these changes.
Therefore, the proposed real-time Quantum Evolutionary Algorithm can dynamically adjust the extra energy within the thermal power. The inclusion of PHEVs will increase demand and emission as well since the thermal units are now responsible for generating extra energies. Therefore, the system requires renewable sources which will nullify such effects. So that brings our next simulation.
The next simulation is conducted by considering the renewable sources (PV and WG) integrated with thermal generators and PHEVs. The rating of the solar farm under study is 40 MW while the wind farm is 25 MW. The economic dispatch of the thermal generators as well as renewable sources and PHEVs' storages are shown in Table 6 . From that table, it is evident that the proposed model is capable to intelligently schedule and allocate resources. The renewables' power output as well as the aggregated PHEV batteries output are shown in Fig. 3 . The total emission from thermal generators for that particular case is 55,370.27 tons. This means the inclusion of renewable sources has actually helped to reduce the emission. Accordingly, the production cost is also reduced (down to $549,772.54; note that, the start-up cost is not considered here). The emission reduction phenomena is portrayed in Fig. 4 .
The convergence of OA-FA on a 10-units' system is plotted in Fig. 5 considering two random cases. The aggregated fuzzy membership function (μ A ) is also pointed in the figure from the starting point of the convergence graph to the settling cost. It can be seen that, the μ A is converging as OA-FA reaches to optimality. The fuzzy membership degrees (μ LD , μ WR , μ S R and μ LR ) for different scaled power systems are reported on Table 7 . The method manages to keep the membership degrees to higher valc 2014 Information Processing Society of Japan ues that elucidate its capability to generate high quality solutions.
Conclusion
This paper presents an agent based operational economic strategy for a smart grid with facilitating the fuzzy and optimizer agents (OA-FA). A modified quantum inspired evolutionary algorithm is used as a core of optimizer agent. The purpose of OA-FA is two-fold; 1) to introduce a fuzzy based quantum evolutionary method comprised with several high-performance operators to explore a greater search space by the diversification of solutions, applied on uncertainty based combinatorial optimization problem, and 2) to integrated renewable sources and PHEVs with conventional fuel-based thermal power system to highlight the concern regarding global-warming as well as enhance the research oriented for future smart grid infrastructure. Introducing sophisticated syncing operations between different levels of individuals advances the traditional quantum evolutionary algorithm. Moreover, sophisticated quantum operators are applied for diversifying the individuals that will feature the exploration and exploitation scheme of evolutionary computation. The proposed method intelligently performs the economic operation by reducing the production cost, distributing the renewables and PHEVs charging/discharging scheduling and minimizing the emission. The performed simulation shows the effectiveness of the proposed method. As an evolutionary algorithm, it provides a very smooth convergence graph which ensures its ability to find a balance between local and global search. It can also be safely said that, quantum-based algorithms qualify to be a potential set of solution strategies for the high scaled combinatorial optimization problem. In a more generalized note, the method exhibits to be parallel in nature (considering the fact that although Q-bits are highly coupled, their entanglement can be represented as a probability distribution function which helps the manipulation of Qindividuals to be performed in a pseudo-parallel machine), which makes it a potential solution method for the distributed optimization problem. As the simulation results suggest, the proposed algorithm outperforms most of the established methods for the UC problem (both meta-heuristics and mathematical programming). Although, there are no theoretical proofs presented in this paper that explain such result due to the stochastic nature of the algorithm, but analytically speaking, the solution diversification resulted from efficient usage of operators coupled with intelligent generation of initial population have done the trick. Another advantage of such a strategy is upon realising true quantum computers, this class of algorithms will provide very high quality solutions with a minimum amount of computational effort (with a O(1) complexity).
